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Abstract 
A robust optimization model was proposed for smart home load scheduling to tackle the uncertain challenges brought 
by PV system, in which an adaption parameter, ī, is defined to control the robust level of the final optimal solution. 
The proposed robust optimization is capable of producing load schedules with different electricity cost and robust 
levels. Final decisions can be made as a tradeoff according to users’ financial situation and risk preference. 
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1. Introduction 
In the future, energy sources of smart homes will be more diverse. Besides electricity from the bulk 
power grid, more and more distributed generation using renewable energy will be encouraged to be 
installed in smart homes. Household photovoltaic (PV) system is an important type of renewable 
distributed generation, which converts solar energy to electrical power for residential users. However, the 
integration of PV system presents new challenges to smart home energy management because of the 
randomness of solar energy. [1-3] involved PV system in the optimization of smart home energy services, 
but did not consider the forecast uncertainty of its power output. [4] concluded that there is no value in 
making accurate solar insolation forecasts when the feed-in tariff equals to the time-of-use tariff exactly at 
every minute of the day, whereas that is a quite special scenario and the real situations are far more 
diverse and complicated in different places all around the world. [5] tackled the forecast error of PV 
system output by online adapting the operation schedule during the execution, but only heuristic rules are 
referred when making the adaption, which is not the optimal way. [6] took the lower limit of the 95% 
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confidence interval for the solar irradiance forecast in the optimization, through which the schedule was 
robust but only the worst situation was considered. In this paper, an alternative robust optimization model 
was proposed for household load scheduling to tackle the uncertain challenges brought by PV system. 
2. Problem formulation 
2.1. Device model 
According to the controllability, the loads are divided into controllable loads and noncontrollable loads. 
Noncontrollable loads cannot be scheduled and thus are modeled by fixed power curves over the 
scheduling horizon. Controllable loads can be divided into three categories: interruptible loads, 
noninterruptible loads and thermostatically controlled loads. Device model and comfort constraints for the 
three categories of controllable loads are presented as follows: 
1) Interruptible Loads 
An interruptible load is allowed to begin to work after tb, and its task is required to be finished no later 
than te. The power consumption of interruptible loads is assumed to be constant, and the duration of the 
task consists of LIL time steps. Thus, the on/off status of an interruptible load throughout the scheduling 
horizon should satisfy 
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where N represents the total number of time steps throughout the scheduling horizon (usually one day), 
IIL,i is the on/off status of the interruptible load at the ith time step (“1” for “on”, “0” for “off”), and N+
represents the set of all positive natural numbers.
2) Noninterruptible Loads 
Noninterruptible loads differ from interruptible loads in the fact that the operation of a noninterruptible 
load is not allowed to be stopped once it starts. Therefore, not only satisfy (1) and (2), but also an 
additional constraint should be satisfied: [7] 
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where INL,i is the on/off status of the noninterruptible load at the ith time step, and LNL is the number of 
time steps for which the noninterruptible load has to work. 
3) Thermostatically Controlled Loads 
Thermostatically controlled loads are interruptible but with unique characteristics. Water heaters, air 
conditioners and refrigerators are three typical appliances of thermostatically controlled loads. In the 
following, a water heater with hot water storage is chosen to demonstrate the modeling process. The 
thermal dynamic behavior of the water heater is described by [8] 
1 en, en, TCL,( )exp( t / ( )) (1 exp( t / ( )) [0,N)θ θ θ θ+ = − − −Δ + ⋅ − −Δ ∀ ∈ ∩Ni i i i iRC I QR RC i +  (4) 
where și is the temperature of the water in the hot water storage at the ith time step, șen,i is the 
environmental temperature at the ith time step, ITCL,i is the on/off status of the water heater at the ith time 
step, Q, R and C are heater capacity, thermal resistance and thermal capacitance of the water heater 
respectively. When hot water is consumed, the water temperature should be modified by [8] 
cur en,( (M ) ) / M [1, N]θ θ θ= − + ∀ ∈ ∩ Ni ,i i i id d i +  (5) 
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where șcur,i is the water temperature before the consumption at the ith time step, M is the mass of water in 
full storage, and di is the demand of hot water drawn during the ith time step. Throughout the whole 
scheduling horizon, the hot water temperature is controlled within a range to satisfy the customer demand 
and device limit, i.e., 
low up [1, N]θ θ θ≤ ≤ ∀ ∈ ∩ Ni i +  (6) 
where șlow and șup are the lower limit and upper limit of the hot water temperature respectively. 
2.2. Initial optimization model 
The objective of household load scheduling is to minimize the daily electricity cost without scarifying 
user comfort. Therefore, the objective function of the optimization model for household load scheduling is 
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where Num represents the total number of appliances in the smart home, In,i represents the on/off status of 
the nth appliance at the ith time step (to be decided through optimization), Pn represents the rated power of 
the nth appliance, ǻt represents the length of each time step, PEV,i represents the power output of the PV 
system at the ith time step, and pi represents the electricity price at the ith time step. Note that the prices 
for users to buy and sell electricity may be different.Then, the load schedule optimization model can be 
established by combining the objective function (7) and device/comfort constraints described by (1)-(6). 
Optimal load schedule can be made through optimization in which the power output of the PV system 
throughout the scheduling horizon is assumed to be accurately forecast beforehand. 
2.3. Robust optimization model 
In practice, there is strong randomness for the power output of PV system which is impossible to be 
forecast exactly beforehand at household level. To deal with this uncertainty, it can be assumed that the 
PEV,i in (7) ranges in an interval [PminEV,i, PmaxEV,i]. The power output intervals can be confidence intervals 
at certain confidence level, derived from PV output forecast models. If the forecast models do not provide 
such information, the power output intervals can be chosen around the forecast value within certain ranges, 
such as [(1-Į)P’EV,i, (1+Į)P’EV,i] in which P’EV,i represents the forecast value and Į is a percentage ranged 
from 0% to 100%. If no sufficient historical data is available, the power output intervals can refer to 
relative data of homes in the same district, or just give a rough estimation based on experience. 
Considering the uncertainty interval [PminEV,i, PmaxEV,i], robust optimization model for household load 
scheduling is formulated [7, 9-11]: 
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where T represents the set whose elements are the indexes of all the time steps throughout the scheduling 
horizon, and ī is the adaption parameter ranged from [0,|T|] (|T|=N) to control the robustness of the 
optimal solution. The constraints of the robust optimization model are as well described by (1)-(6). The 
robust optimization model consisting of (8) and (1)-(6) is a nonlinear mixed integer programming problem 
under each value of ī, and genetic algorithm is adopted in this paper to solve it. 
To better understanding how the value ī influences the robustness of the optimal solution, an example 
is presented as follows. When ī = 0, the objective function (8) is equivalent to 
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in which the PV power output equals to the upper limit, PmaxEV,i, at each time step. This means that the 
most optimistic situation is considered when making the load schedule, and thus the optimal solution 
under the situation ī = 0 is the least conservative solution. While when ī = N, the objective function (8) is 
equivalent to 
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in which the PV power output equals to the lower limit, PminEV,i, at each time step, which is the most 
pessimistic situation. Therefore, the load schedule made under this situation is the most conservative one. 
In a more general situation, when ī takes a value between 0 and N, there are ī time steps during which 
the PV power output reaches the upper limit PmaxEV,i, and (N-ī) time steps during which the PV power 
output falls to the lower limit PminEV,i. With the increase of the value of ī, more pessimistic scenarios are 
considered, and thus the optimal solution becomes more and more conservative and robust. Moreover, the 
(N-ī) time steps with the lowest PV power output are placed at some time that would maximize the total 
electricity payment (the “max{}” term in (8)). By this way the worst scenario is considered under each 
value of ī, and thus the upper limit of electricity payment at each ī is calculated for users to evaluate the 
financial risk at each ī.  
3. Case study 
Load scheduling of a smart home with PV system is conducted to demonstrate the proposed robust 
optimization method. A 10kWp household PV system is installed in the house. The real-time price for 
users to buy electricity is assumed to be the same as that in [8], and the feed-in price of PV energy is 
assumed to be 0 in this case study. The parameters of controllable loads are listed in Table 1 and 2. 
Table 1. Parameters of Noninterruptible Loads and Interruptible Loads 
Interruptibility Appliance Power (W) tb te LNL
Noninterruptible 
Clothes Washer 1000 8:00 21:00 24 
Dish Washer 1 300 14:00 18:00 12 
Dish Washer 2 300 19:00 22:00 12 
Interruptible Electric Vehicle 2500 0:00 8:00 48 Pool Pump 2000 8:00 15:00 24 
Table 2. Parameters of Thermostatically Controlled Loads: Water Heater 
Power 
(W) 
Q 
(W) 
R 
(°C/kW) 
C 
(kWh/°C) 
M 
(gallon) 
șreq 
(°C) 
șup 
(°C) 
4500 400 0.7623 431.7 50 37 80 
Robust optimization model presented in 2.3 is solved to generate the load schedule under a series of 
values of ī, and corresponding values of the objective function are calculated, which represents the upper 
limit of daily electricity payment at each ī. As shown in Table 3, it can be observed that with the increase 
of ī, the upper limit of daily electricity payment increases as well, and thus in this sense schedules with 
higher ī means higher payment, which is not preferable for users. However, as discussed in 2.3, the 
robustness is higher for the load schedules with higher ī, that is to say, compared to load schedules with 
lower ī, load schedules with higher ī would result in lower additional electricity payment when the 
situation is worse than the expected. To summarize, schedules with lower ī would reap greater economic 
benefits when the PV output is high, while face greater financial risk (which means higher electricity 
payment than that of schedules with higher ī) when the PV output is lower than the expected, because of 
776   Yue Zhou et al. /  Energy Procedia  61 ( 2014 )  772 – 776 
weaker robustness. Therefore, a tradeoff is needed when making the load schedule, for only one schedule 
can be executed in practice after all. The value of ī can be decided according to the risk preference and 
financial situation for specific residential users.
Table 3. The upper limit of daily electricity payment, C, under different ī
ī 0 2 4 6 8 10 ĂĂ
C ($) 0.9536 1.0178 1.0426 1.0706 1.1334 1.1627 ĂĂ
4. Conclusions 
In this paper, a robust optimization model is proposed for household load scheduling to tackle the 
uncertainties brought by PV system, in which an adaption parameter, ī, is defined to control the 
conservative level of the final optimal solution. The proposed robust optimization is capable of producing 
a series of load schedules with different electricity cost and robust levels. Final decision can be made as a 
tradeoff by home energy management system according to users’ financial situation and risk preference.
Future work can include more analysis under different electricity tariff structure and PV capacity. 
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